Abstract-The basic principle of single beacon underwater tracking is to estimate the unknown vehicle position based on acoustic signal measurements and onboard sensors. The extended Kalman filter (EKF) is the most widely adopted single beacon underwater tracking method, which assumes known noise probability distributions. The setting of the measurement noise parameters has significant impact on the estimator performance. In practice, these are usually determined based on experience or data post-processing. However, due to the uncertainty of underwater acoustic propagation, the probabilistic characteristics of acoustic measurements noise are not only unknown but also varying both with time and location. Therefore, EKF which runs with presupposed measurement noise parameters cannot describe the practical noise specifications, which in consequence will influence the estimation accuracy, or even lead to practical divergence. To overcome the divergence issue of EKF caused by violation of known measurement noise assumption, this paper implements the adaptive Kalman filter (AKF) for single beacon underwater tracking. Numerical results confirmed that the proposed algorithm can estimate the unknown measurement noise parameters, and could have significantly improved tracking accuracy over EKF.
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I. INTRODUCTION
Autonomous underwater vehicles (AUVs) have been applied in a variety of offshore commercial and scientific applications. For these applications, accurate localization is a prerequisite to ensure the data quality. Traditional underwater localization methods, such as inertial navigation or dead-reckoning, have the disadvantages of unbounded errors. While other acoustic based techniques, including long-base line (LBL) system, have the problem of inefficient setting up and limited operating area [1] . Therefore, a new underwater tracking scheme which based on a single acoustic beacon has been developed to overcome these disadvantages. In the single beacon underwater tracking system, range measurements from an acoustic beacon with known position are used to bound the accumulated errors of dead-reckoning.
So far, enormous research efforts have been devoted to the extended Kalman filter (EKF) based single beacon underwater tracking. Fallon developed an AUV-USV (Unmanned Surface Vehicle) cooperative tracking model based on single beacon tracking scheme using EKF to update the AUV position [2] . Later, Gianfranco addressed the global observability issue of the single beacon underwater tracking [3] . The performance of single beacon tracking system relies heavily on the predetermined knowledge of sound velocity. However, the underwater sound velocity between the acoustic beacon and hydrophone is very difficult to determine accurately. To solve the problem of unknown ESV estimation, a novel single beacon tracking model was proposed in [4] , and the EKF was utilized for the estimation of the unknown AUV position and sound velocity. Nevertheless, for conventional EKF based single beacon tracking mentioned above, some problematic disadvantages of EKF cannot be overlooked. The performance of EKF relies on the accuracy of the prior knowledge on system noise statistics. The measurement noise covariance matrix have significant impact on EKF performance. Insufficient knowledge about the a priori system statistics will reduce the accuracy of the EKF, or even lead to practical divergence [5] . Traditional methods for determining the measurement noise covariance matrix among single beacon tracking systems were based on experience and data post-processing. However, the huge variation of underwater environment leads to a rapid change in the probabilistic properties of measurement uncertainty. Therefore, the problem of EKF estimates degradation occurs frequently in single beacon tracking system due to the violation of known noise statistics assumptions.
Over the past few decades, adaptive Kalman filter (AKF) has been intensively investigated to overcome the drawback of EKF. Most AKF algorithms were established based on noise parameter matching which can estimate the unknown noise parameters from measurement residuals. The most popular residual-based adaptive estimation was window based algorithm, and used the residual vectors from historical epochs to evaluate the unknown measurement noise covariance matrix. To overcome the divergence issue of EKF caused by violation of known measurement noise assumption, this paper will propose an adaptive Kalman filter based single beacon underwater tracking algorithm basing upon the newly developed single beacon tracking model [4] . To the best knowledge of the authors, few literatures have been published using windowsbased AKF for single beacon underwater tacking, especially based on the model with unknown sound velocity. Through simulation data, the estimation results between using the proposed adaptive algorithm and the traditional EKF will be compared.
II. SINGLE BEACON LOCALIZATION MODEL

A. Kinematic model
In [4] , a so called "5-sv" single beacon tracking model was proposed:
where the state variables x(t) and y(t) represent the horizontal location of the vehicle; v cx (t) and v cy (t) are the variables of two unknown ocean current; and v e (t) represents the unknown ESV. v w (t) and ϕ(t) are the vehicle speed and heading through water, which are measured from a speed sensor and an electronic compass, respectively. Eq. 1 can be written in the matrix form aṡ
where
and
in which v wx = v w cos ϕ and v wy = v w sin ϕ are respectively the vehicle speed through water components in the x and y directions. w(t) ∈ R 5×1 is the vector of process noise. The corresponding discrete kinematic equation can be written as
in which the discrete process noise vector w k is assumed as Gaussian processes with zero mean. w x,k and w y,k are the uncertainty of vehicle position. w cx,k and w cy,k are the uncertainty of ocean current. w e,k is the uncertainty of the ESV. The corresponding process uncertainty model is:
(8) where σ w is the standard deviation of v w,k uncertainty, σ c is the standard deviation of w cx,k and w cy,k , and σ e is that of w e,k .
B. Measurement model
The "5-sv" model utilized the transit time as measurement, and the measurement equation is
where h k (·) denotes the nonlinear measurement function, and υ k represents the measurement noise. The transit time T 
in which (x k , y k , z k ) and (x b , y b , z b ) are respectively the locations of the vehicle and the beacon. The depth of the vehicle z k is assumed to be obtained from a depth gauge. υ k , which is the noise of transit time measurement, is assumed to be a white Gaussian process, and its variance is denoted as R k . In addition, the vehicle velocity over ground v g is assumed to be measured from a Doppler velocity log (DVL). The ocean current measurement can be obtained using
with the corresponding measurement matrix H k
III. EXTENDED KALMAN FILTER
The discrete Kalman filter mainly consists of two steps: the state prediction and the correction equations. The predicted state vectorx − k and its covariance matrix P − k can be calculated asx
The a posteriori estimatesx + k and its covariance matrix P + k can be obtained aŝ x
in which
represents the Kalman gain matrix and the Jaccbian of nonlinear measurement equation H k is
in whichr k is computed bŷ
Noting thatẑ − k is available from a depth sensor. The measurement innovation (m k − h(x − k )) in Eq. 16 is denoted byē k in this paper.
IV. WINDOWS BASED AKF
Different from the EKF which assumes a known measurement noise covariance matrix R, the windows-based AKF assumes R as measurements evolve with time [5] . Covariance matching which aims at making the estimated residual covariance matrix accord with its theoretical value is utilized.
The true value of the residual covariance matrix are untractable, however, one can compute its estimated value,Ĉ vk , at time k, through the weighted averaging inside a moving window with size N , aŝ
is the estimation residual. The theoretical value of residual covariance matrix is calculated under the whiteness assumption of the filter residual. The corresponding covariance matrix is calculated as
When the estimated residual covariance matrix matches with its theoretical value, the covariance matrix of measurement noise can then be calculated aŝ
Since the estimated residual can be calculated unless the posterior estimation is obtained, which requires the measurement noise covariance matrix, thus, in practice, the estimated of measurement noise covariance matrix at t k is approximated by residual data before t k . Eq. 23 is rewritten aŝ
In the AKF based single beacon tracking algorithm presented herein, Eq. 24 will be utilized to estimate the measurement noise covariance before performing correction using transit time measurement. The implementation pseudocode of the AKF based single beacon underwater tracking is then summarized below.
Algorithm 1 Windows based-AKF
Input:
Simulation data is utilized in this section to assess the performance of the windows based AKF against that of the EKF. A constant ESV with 1530m/s is simulated in the whole simulation.
The initial parameter settings of the AKF and the EKF are summarized below: The estimated trajectories between the AKF and the EKF is first compared in Fig. 1 . Similarly, Fig. 2 compares the corresponding horizontal tracking error ∆H = ∆x 2 + ∆y 2 . From Fig. 1 and Fig. 2 , it is obvious that the AKF significantly improves the tracking performance.
In addition, the estimated ESV is compared in Fig. 3 . Although the estimated ESV while utilizing the AKF has large variance, it converges to its target value after 1100 seconds. From the estimated measurement noise covariance R for the AKF is shown in Fig. 4 , it can be seen that the estimated measurement noise parameter converges to its true value, while the value of R in the EKF remains a constant as respected.
Finally, the innovation sequencesē t of the EKF and the AKF are compared in Fig. 5 . The innovation of the AKF converges rapidly to zero which indicates a consistent filter, while that of the EKF has a large variation due to the improper setting of R.
VI. CONCLUSION
This paper implements the AKF for single beacon underwater tracking to solve the divergence issue of traditional EKF based method. The AKF based method is discussed basing upon a newly developed single beacon tracking model that can estimate the unknown ESV. The estimation performance of the AKF based single beacon tracking algorithm was compared with that of the EKF through simulation data. Numerical results showed that the AKF based method could estimate the unknown measurement noise parameters. And the tracking performance of the windows based AKF apparently outperform that of the EKF.
